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A B 
(57) Abstract: A computational method designed to extract information about gene regulatory network from raw gene expression 
data sets that are comprised of a time course of expression levels is disclosed. At a first step in this method, genes with similar 
temporal expression profiles are clustered into modules characterizing by distinct expression signatures. These fundamental patterns 
of gene expression are analyzed using the assumption that temporal profiles are shaped by interactions between genes belonging 
to different modules. The underlying genetic connectivity is retrieved using an optimization procedure developed in computational 
neurobiology for extracting information about neural circuitry. The objective is to find an optimal regulatory structure ma k i n g calcu- 
lated temporal patterns as close as possible to experimental data. A set of algorithms was used to evaluate statistical significance of 
putative regulatory connections derived from gene expression patterns. The method was utilized to identify regulatory subnetworks 
underlying the response of yeast cells to treatment with acid and alkaline conditions. Expression profiles of about 1600 genes that 
showed a significant change in expression during a time course were analyzed according to the method of the invention. The genes 
were clustered into 39 distinct modules and statistically significant connections between 16 modules representing most variable genes 
were identified and mapped to a sub-network of known connections. The results demonstrate that the computational method may 
be a useful tool both in elucidating of crucial elements of genetic network structure and in predicting novel regulatory connections 
based on gene expression. 
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COMPUTATIONAL METHOD FOR INFERRING 
ELEMENTS OF GENE REGULATORY NETWORK FROM 
TEMPORAL PATTERNS OF GENE EXPRESSION 
BACKGROUND 

5 Genetic methods are useful for the determination of gene function and the interactions 
between genes and gene products. Genetic methods, however, are laborious and can 
provide information on a limited number of genes at any one time. The development of 
computer-based computational tools are providing the means by which genetic data can be 
stored, sorted, grouped and rapidly analyzed using a variety of algorithms. In genome 
10 projects, such tools allow the storage of large amounts of gene sequence information and 
the rapid analysis of the sequence information to map the gene sequences to their locations 
on chromosome and to predict protein sequence, structure and function from the sequence 
data. 

Computer-based computational tools are being developed and applied to the study of 
15 organism's genomes to determined the sequence and placement of its genes and their 
relationship to other sequences and genes within the genome or to genes in other 
organisms. The relationships between genes both within an organism and between 
organisms is of significant interest in biomedical and pharmaceutical research, for instance 
to identify genes that may be suitable targets for drug development and to assist in the 
20 evaluation of drug efficacy and resistance. 

SUMMARY OF THE INVENTION 
The present invention provides a method of estimating and displaying the level of 
interaction (or "strength of connection") between a plurality of gene clusters. The method 
involves providing a database including a plurality of gene clusters, preferably the database 
25 includes a plurality of gene expression profiles together with biological annotations 
detailing the source and any interpretation of the expression profile information. The 
method further involves selecting a set of gene clusters and estimating the level of 
interaction between each gene cluster in the set using computer assisted optimization of a 
connectivity matrix. 

30 The invention provides a computer program product comprising a computer-useable 

medium having computer-readable program code embodied thereon relating to a database 
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including multiple expression profiles. The computer program includes computer-readable 
program code for selecting a set of gene clusters, and estimating and displaying the level of 
interaction between gene clusters in the selected set. 

The method of the invention may be used for the analysis of expression profiles from both 
5 prokaryotic and eukaryotic cells. Use of the method of the invention is exemplified using 
yeast cells with which the expression profiles of about 1600 genes were measured under 
both alkaline and acidic conditions. 

The following terms are used through the specification. Definitions of these terms are 
provided to assist in understanding the specification, but do not necessarily limit the scope 
10 of the invention. 

An "expression profile" means the level of expression of a gene, observed as the number of 
mRNA molecules transcribed from a given gene, that is measured at one or more time 
points during cellular differentiation or cellular response to stimuli. 

A "gene cluster" or "module" means genes that have been grouped together on the basis of 
15 their having similar expression profiles during cellular differentiation or cellular response 
to stimuli. The gene cluster is assigned an expression profile which is the averaged 
expression profile of the clustered genes. 

The "level of interaction" or "strength of connection" means the computed level of 
interaction between one gene cluster and its proposed target gene cluster, which connection 
20 can be positive (activation of the target gene cluster), negative (inhibition of the target gene 
cluster) or equal to zero (no connection between the selected gene cluster and its proposed 
target gene cluster). 

"Connectivity matrix" means a matrix of coefficients in which each coefficient represents 
the strength of connection between two gene clusters. 
25 Throughout the text of the specification published articles will be referred to by reference 
number and the list of the published articles can be found on the final page before the 
claims. 

BRIEF DESCRIPTION OF THE DRAWINGS 
Fig. 1. Comparison between experimentally measured and calculated temporal expression 
30 profiles. Each template shows the data for one of 16 "variable" clusters (see Materials and 
Methods) in both acid (the left part of template) and alkaline (the right part) conditions, 
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which are separated by a vertical line. Inside each template "C" stands for "cluster 
number". The numbering of clusters corresponds to their numbers in the whole set of 39 
clusters (see the web site http://www.wi.mit.edu/young/). The ordinate is the expression 
level scaled from 0 to 1. The abscissa is the time-axis: the left half of the axis is 0- 100 
5 minutes interval for acid condition, whereas the right half is the same time interval for 
alkaline condition. Filled circles: experimental expression data represented by centroids 
(average patterns for genes in the clusters). Each pattern includes 14 time points: 0, 10, 20, 
40, 60, 80 and 100 minutes in acid condition followed by 0, 10, 20, 40, 60, 80 and 100 
minutes in alkaline condition. The diameter of circles is approximately equal to a half of 
10 typical standard deviation for patterns in a cluster. Solid curves: temporal expression 

patterns calculated by means of Eq.1,2. The profiles for acid and alkaline conditions were 

obtained using the averaged connectivity matrices R' k acid and R* k alkalme derived as 
described in the text. The deviation of calculated profiles from experimental data (Eq. 3) 
varies from 0.023 (cluster # 5, alkaline condition) to 0. 145 (cluster # 41, acid condition) 
15 with average values 0.074 and 0.055 for acid and alkaline conditions, correspondingly. 

Fig. 2. Schematic representation of connectivity matrices R ik acid and R* k alkahne acid and 
alkaline conditions, correspondingly) for 16 "variable" modules. The module numbers are 
shown in rows and columns next to each matrix. The signs and mark the elements 
that are significant and positive or negative; the sign marks insignificant elements. The 

20 entry lies at the intersection of the z'-th row and the k-ih column; the direction of 

connection is from k to i (i <- k ). For instance, module # 24 (column) activates module # 
4 (row), whereas module # 4 (column) inhibits module # 16 (row). A and C - connectivity 
matrices derived in the model of the 16 interacting modules (the 16x16 model). These 
matrices were used to calculate temporal profiles shown in Fig. I by solid curves. B and D 

25 - connectivity matrices for the same 16 modules derived in the model in which interactions 
between all 39 modules were allowed (the 39x39 model); these matrices represent 16x16 
sub-matrices of larger 39x39 matrices. Highlighting is used to compare matrices derived 
in different models: yellow - the connection is significant in matrix A and insignificant in 
matrix B or vice versa (the same for the pair C and D); pink/blue - the connection is 
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significant and positive/negative in both A and B (C and D) matrices; green - the 
connection is significant and positive in matrix A but negative in matrix B or vice versa 
(the same for the pair C and D). 

Fig. 3. Invariant connectivity matrices derived from expression profiles measured in acid 

5 and alkaline conditions. The positive and negative connections, marked by signs "+" and 
are invariant with respect to the model used (16x16 or 39x39). A - the acid matrix derived 
from matrices A and B in Fig. 2; B - the alkaline matrix derived from matrices C andD in 
Fig. 2. Highlighting is used to compare the acid and alkaline matrices: yellow - the 
connection is significant in matrix A and insignificant in matrix B or vice versa; pink/blue - 

10 the connection is significant and positive/negative in both A and B matrices; green - the 
connection is significant and positive in matrix A but negative in matrix B or vice versa. 

DESCRIPTION OF THE PREFERRED EMBODIMENTS 
The rapid advance of microarray technologies to monitor simultaneously expression 
profiles of thousands of genes has stimulated the development of computational tools to 

15 organize efficiently such data in system-level conceptual schemes (1-13). Particularly, 
various algorithms for clustering temporal expression patterns measured during cellular 
differentiation or response (2,7,10,12) have clearly proven valuable for exploration of gene 
regulatory networks. The purpose of the cluster analysis is to group together genes with 
similar expression profiles and, on the basis of the resulting partition, to assess potential 

20 similarity of the genes' function. A natural next question is what is beyond the clustering? 
In other words, given a set of clusters having characteristic shapes of expression profiles, 
how to extract information about interconnectivity and mutual regulation of genes 
belonging to different clusters. In general, shapes of gene expression profiles can be 
interpreted in a manner that specific pathways independently regulate specific genes (or 

25 clusters of genes), and therefore changes in expression observed for the distinct clusters are 
not related to each other. A more realistic concept is that the pathways are heavily 
interconnected so that the shapes of expression profiles convey information about 
underlying regulatory network. As a straightforward example, one may expect that a 
change in expression level of a transcriptional factor should affect expression of its target 

30 gene. In a broad sense, the interplay between different expression patterns can reflect 
connectivity through cis and trans elements, protein-protein and protein-signaling factor 



WO 01/34789 PCT/US00/30814 

-5- 

interactions (2), as well as a "crosstalk" between signaling pathways (14). This invention 
provides a computational scheme for recognition of those elements of presumed regulatory 
network that are crucial for the shaping of distinct temporal expression profiles. 
The method of the invention essentially implements a phenomenological model of gene 
5 regulation that is specifically constructed to interpret temporal expression profiles. First of 
all, genes with similar patterns of expression are clustered using published computational 
tools referred to above. The set of the genes fallen into the same cluster will be called the 
"module" to emphasize that these genes are indistinguishable in the framework of the 
method. Each distinct module of genes is characterized by its unique expression 

10 "signature". These modules are the basic operational units in the method. Second, we 
assume that a module can receive input from all other modules and change the level of 
expression responding to the integrated signal. We do not specify biological mechanisms 
underlying the input, integration of inputs and response. The signal from a module is just 
the product of the module's expression level times the strength of connection between the 

15 module and its target. Connection can be positive (activation), negative (inhibition) or 

equal to zero (no connection). Therefore, given a set of connections between modules (the 
connectivity matrix), the temporal expression profiles are interrelated so that each 
individual profile emerges as the result of communications between all modules within the 
ensemble. Third, since the calculated expression profiles are sensitive to the structure of 

20 connectivity, our objective is to solve the inverse problem: namely, given a set of 

experimentally measured expression patterns, we aim to find the connectivity matrix (or 
subset of matrices, in case of redundancy) that would create the temporal profiles whose 
shapes are as close as possible to experimental data. The resulting connectivity between 
distinct modules of genes can be interpreted as a putative regulatory network. 

25 The method of the invention described above was applied to identify elements of gene 
regulatory network underlying the response of yeast cells to treatment with acid and 
alkaline conditions. The whole-genome mRNA abundance was measured in both 
conditions at 7 time points across 100 minutes interval. About 1600 genes that showed 
significant changes in expression and the distinct expression profiles were clustered and 

30 the gene clusters, or modules, were used to estimate the connectivity between modules of 
genes. The application of the method of the invention to shuffled expression profiles 
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provided a measure of significance of the resulting connectivity matrix. Since the method 
of the invention did not utilize any a priori knowledge of gene regulation in yeast the 
method was validated by a mapping of predicted connections to a sub-network of expected 
interactions "transcriptional factor - target gene". The estimated strength of connections 
5 between the modules determined through application of the method of the invention also 
provides a basis for recognition of novel elements of the regulatory network that are 
interesting for further exploration. 

The method of the invention is based on a close mathematical analogy between the 
problem of identifying gene regulatory networks, using temporal expression profiles, and 
10 the problem of identifying network of synaptic connections in neural systems, using 

temporal profiles of neurons' firing rates. For the latter problem, computational tools are 
well elaborated and widely used in studies of cortical circuits (e.g., refs. 15-17). Below, 
we outline the basic equations applied to gene regulatory networks drawing a parallel with 
neural networks. 

15 Model. Consider an ensemble of N units (N modules of genes or N model neurons), each 
one characterized by a time-dependent variable Vj (r) that represents activity (level of gene 
expression or firing rate for neural systems) of the i-th unit (i = I,-, AO at the instant of time 
r. The activities are normalized so that values Vj (/) vary within the interval between 0 and 
1. Each unit receives an integrated input U,- (t) from all other units via a set of connections 

20 (gene regulatory connections or synaptic connections). The signal that a particular unit 
number k sends to the unit number / is the product of the k-th unit activity V k (t) times the 
connection strength which can be positive (activation), negative (inhibition) or equal to 
zero (no connections). Connections R ik are directed (i <- k ) and may not be symmetric 
(Rj k j R ki ). Conventionally, the integrated input f/, (t) is assumed to change in time 

25 according to the "circuit" equation (18,19): 



where x is a characteristic time constant that regulates how fast a unit accumulates the 
overall input signal defined by the right-hand side of Eq. 1. The larger is the value of x, the 
30 longer time is required to accumulate the signal. Each unit transforms the input Uj(t) to the 



dUi(t) 
dt 



N 



Ui(t)+ T 



X R*Vk{t) [1] 
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output activity V } (f) acting as a nonlinear amplifier, which saturates when the input 
exceeds a threshold value. The detailed form of this transformation does not affect the 
function of the ensemble (15-19). We take the simplest form: 



AUi(t)+Si 
0 



if AUi(t)+ Si> 1, 
ifO< AUi(t)+ Si< 1, [2] 
if0> AUi{t) + S/, 



5 where A is the gain of the unit in the linear operating region, 5, represents a spontaneous 
level of expression that would be observed if the unit is not affected externally 
(spontaneous firing rate of a neuron). Equations 1 and 2, taken for all units, constitute the 
system of nonlinear equations that governs the temporal behavior of the ensemble. 
Optimization scheme. In the framework of the model, the connectivity matrix R ik 

10 essentially determines the shapes of all temporal expression profile Vtft). We aim to solve 
the inverse problem, that is, to identify the structure of connectivity matrix that would 
make the difference between the calculated and measured expression profiles as small as 
possible. Let the experimentally obtained levels of expression W, (7=1,...,N) be given at M 
time points t-tu...,x M . As a measure of the difference between the "desired" expression 

15 patterns, W;(t), and the calculated temporal profiles, Vrft), we take the root mean square 
deviation 



we apply the simulated annealing algorithm (20). At each iterative step, the set of 
20 connection strengths R& is changed in a random manner (Ri^^Rik 1 ™); the specific way of 
this change has no effect on the procedure (ref. 21 ; see Materials and Methods for details). 
The new root mean square deviation E ww is calculated (Eqs. 1,2 and 3) and compared with 
the previous value E o[d is larger than E iew , the new set of parameters Ri" ew is 




[3] 



which is a function of N 2 adjustable parameters Rik (/, fc=l,...,iV ). To minimize the E value 
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unconditionally accepted and used as the starting point for the next iteration. Otherwise, 
the new set R ik new is accepted with probability exp[-(£' new - E )ld )/T], where the parameter T 
can be interpreted as the ki temperature", if the E value is treated as the "energy" of the 
system. This algorithm guarantees that after a sufficient number of iterative steps the 
5 system obeys the Boltzmann distribution at a given temperature. Consequently, if the 
temperature tends to zero slowly enough, the system reaches the global minimum of the 
root mean square deviation (Eq. 3). Routinely, we used exponential cooling schedule T n+ / 
- cT n . where n is the step number and the value 1 - c is positive and close to zero. Note, 
although the simulated annealing algorithm guarantees to eventually find the optimal 

10 solution, it cannot guarantee that the optimal value of E will be E = 0. 

Thus, the algorithm described above makes it possible to identify the optimal regulatory 
network in terms of the optimal connectivity matrix /?,*. However, while solving the 
inverse problem, one may expect a redundancy of solution: a large number of different 
connectivity matrices R ik can result in the same optimal value of E. This issue will be 

15 addressed in the section Results and Discussion. 

MATERIALS AND METHODS 
Clustering and normalization. The whole-genome experimental data provided us with 7 
time points (including the zero time point) in both acid and alkaline conditions across 100 
minutes for each type of stimulation. We analyzed 1618 genes that showed more than 

20 3-fold change in transcriptional level in either of the two conditions. The 

variance-normalized expression patterns for each of these 1618 genes were concatenated 
so that the zero time point for the alkaline condition followed the last time point (100 
minutes) for the acid condition. The concatenated profiles were clustered into 39 clusters 
of 10-80 genes per cluster, using the Self-Organizing Map algorithm (10). The 

25 concatenation made it possible to group together genes whose temporal behavior was 
similar in both acid and alkaline conditions. Within each cluster, the expression profile 
represented by the average pattern for genes in the cluster was normalized to have the 
minimum and maximum levels of expression equal to 0 and 1, correspondingly. This 
normalization set up the same scale for the measured and calculated expression patterns 

30 and eased the comparison of their shapes. Of these 39 clusters, we selected 16 'Variable" 
clusters (726 genes) for which the difference between the minimum and maximum levels 
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of expression was greater than or equal to 0.5 in acid condition, and the same was in 
alkaline condition. The raw gene expression data, graphical representation of all clusters 
along with the distribution of genes over the clusters are available at the web site 
http://www.wi.mit.edu/young/. 

5 Computational issues. Given a current connectivity matrix R ik the system of coupled 
non-linear equations (Eqs. 1 ,2) was solved as the initial value problem, Ui(0) = 0, using a 
forth-order Runge-Kutta formula with automatic control of the step size during the 
integration. The spontaneous levels of expression ( Sj in Eq. 2) were set: Si = Wj (0) , so 
that if the units were disconnected (all connection strengths R lk = 0) the expression would 

10 be at the steady level equal to the expression level measured at the zero time: Vj (t) = W| 
(0) . Other parameters: the characteristic time constant x (Eq. 1) was chosen: x = 10 
minutes; the gain parameter (Eq. 2) A = 0.5. For each minimization trial, the connection 
strengths Ra were initialized to uniform random values between -1 and 1. During the 
annealing procedure, new probe values R& were selected randomly from the same interval 

15 [-1,1] without assuming symmetry. One step included a change of one parameter chosen 
at random and the entire recalculation of all expression patterns. The temperature at the 
initial stages of the simulated annealing was chosen to have accepted practically all states 
of the system. The cooling parameter 1 - c was varied within the interval from 10 7 to 10" 5 
depending on the rate of convergence. 

20 RESULTS AND DISCUSSION 

Redundancy and self-averaging. As expected, a direct approach to identify gene 
regulatory network by minimizing the deviation of calculated expression profiles from 
experimental data (Eq. 3) ran into a redundancy problem: a very large number of different 
connectivity matrices R lk offered sub-optimal solutions. Therefore, in the context of the 

25 present work, a fundamental question is how to recognize the most crucial non-random 
connections. We have found that a simple averaging procedure can cope with the 
redundancy problem as follows. For the set of 16 interacting modules of genes 
representing 16 ^variable" clusters (see Materials and Methods), the minimization 
procedure as described above was repeated K times and K distinct sub-optimal matrices 

30 16x16 were averaged by calculating the mean value of each matrix element and the 

standard deviation R* . This was done separately for acid and alkaline conditions. 
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Routinely, the minimization procedure ended up with the E value (Eq. 3) ranging within 
the interval 0.06 1±0. 003, for acid condition, and 0.044±0.003, for alkaline condition. 
Obviously, if the sub-optimal matrices were quasi-random all elements of averaged matrix 



Although the averaging procedure exposed the stable non-random connections it was not 
clear a priori whether our model could reproduce experimental expression profiles if the 

averaged connection strengths were used in Eqs. 1,2. In other words, whether the 
model belongs to the class of so-called self-averaging systems, for which the output (in our 
case, temporal expression profiles) averaged over different inputs (connectivity matrices) 
is equal or close to the output calculated for averaged input. The temporal expression 

profiles calculated using connectivity matrices acid and /&* alkaline ^ eac j 1 derived by 
averaging over 100 minimization trials, are shown in Fig. 1 (solid curves) along with 
normalized experimental profiles (filled circles). Quantitatively, if the profiles presented 
in Fig. 1 are compared, the root mean square deviation E (Eq. 3) is equal to 0.074 for acid 
condition and 0.055 for alkaline condition. Another pair of 100 minimization trials may 
result in slightly different averaged matrices and different E value. Summarizing, we 
found that the deviation E for averaged matrices ranged within the interval E = 0.072 ± 
0.005 for acid condition and E = 0.053 ± 0.004 for alkaline condition. A further increase 
of the number of trials K did not change the conclusion. The deviation of calculated 
expression profiles from experimental data obtained for averaged matrices is slightly 
greater than the deviation that can be reached in each individual minimization trial (0.07 
vs. 0.06 and 0.05 vs. 0.04). However, the absolute values of deviation 0.05-0.07 are still 
relatively small (e.g., at initial stages of the minimization procedure, the deviations are of 
the order of 0.5-0.6), and the calculated and experimental expression profiles are in a 
reasonable agreement (Fig. 1). In addition, the shapes of temporal profiles are weakly 



would tend to zero as ±1/ Va 7 m \ n contrast, when the number of trials K approached 



102 , about a half of matrix elements stabilized around the values that were 



significantly above the random noise level: 
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affected by a variation of connection strengths around the average values . We 

calculated the expression profiles using "noisy" connectivity matrices defined as Rik - 
+ 2aDik , where a was a random number from the interval [- 1, 1]. The maximum values 
of deviation E (Eq. 3) recorded in a session of 1000 trials with randomly modified 
matrices were 0.079 and 0.062 for acid and alkaline conditions, correspondingly. These 
results demonstrate feasibility of the averaging procedure for extracting stable connections 
between interacting modules of genes. 

Robustness of connections. The elements constituting an averaged connectivity matrix 

/?'■* can be conventionally divided into two groups, "significant" or "insignificant", 

judging from whether or not the absolute value of is above or below a level of random 
noise. To make the criterion of significance more stringent, we applied the same 
optimization scheme to shuffled experimental data. Specifically, in each minimization 
trial, we randomly shuffled time positions of expression levels within each profile, leaving 
their absolute values unchanged. The acid and alkaline profiles were not mixed. Since the 
shuffling is a more conservative procedure than a complete randomization, the resulting 

averaged matrix F mn provides a more reliable reference than the average taken over 
random matrices. We assigned a matrix element to the class of "significant" 

Rik 



connections, if it satisfied the requirement 



-2D lk > max 



, where maximum was 



taken over all entries. So far we reported the results obtained for the model in which 16 
"variable" modules were involved in interactions (the 16x16 model). To further test the 
reliability of the results, we repeated the whole optimization procedure using an extended 
model in which all 39 modules were allowed to interact with each other (the 39x39 model). 
The sub-matrix 16x16 for "variable" modules can be extracted from the matrix 39x39 to 
compare outputs of the two models. This comparison provides a valuable test on the 
robustness of solution: if a connection is identified as significant in the 16x16 model, it 
should remain significant in the extended 39x39 model as well, even though 23 new 
"players" are added in the ensemble of interacting modules: Four connectivity matrices 
derived in both acid and alkaline conditions using both the 16x16 and 39x39 models are 
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depicted in Fig. 2. The significant matrix elements are marked by the signs and for 
positive and negative connections. The elements highlighted pink (positives) and blue 
(negatives) represent model-invariant significant connections. When matrices A and B 
(different models for acid condition) are compared, it is apparent that the number of similar 

5 connections significantly exceeds the number expected by chance: 31 positives vs. 9 

expected and 39 negatives vs. 13 expected. For alkaline condition (compare matrices C 
and D), we have: 37 positives vs. 9 expected and 42 negatives vs. 12 expected. The 
number of expected coincidences was estimated assuming a random distribution of a given 
number of significant elements within a matrix 16x16. Remarkably, there is only one case 

10 in which a connection has opposite signs in different models (the connection between 

module # 10 and module #41, acid condition), whereas the expected number of such cases 
is equal to 21 and 20 in acid and alkaline conditions, correspondingly. These results show 
that a majority of significant connections is invariant with respect to the model from which 
the connectivity was derived. 

15 To visualize the similarity and difference between connectivity matrices derived from 

expression profiles measured in acid and alkaline conditions, we placed in Fig. 3 the acid 
matrix (A) and alkaline matrix (B) where only the model -in variant elements are left 
illuminated. If matrices A and B in Fig. 3 are compared, the number of similar positive and 
negative elements also exceeds the number of coincidences expected by chance: 10 

20 positives vs. 4 expected and 14 negatives vs. 6 expected. Only 3 connections have 

opposite signs in different matrices (1 1 expected). In fact, the similarity between matrices 
A and B (Fig. 3) is not surprising, given a partial similarity between expression profiles 
measured in different conditions (see Fig. 1). 

Predictions and comparison. The connections highlighted in Fig. 3 summarize the 
25 outcome of our modeling. They represent elements of a putative regulatory network 
underlying the shapes of temporal expression profiles observed in acid and alkaline 
conditions. Yellow color illuminates connections that are unique with respect to different 
treatments. Patterns of these connections seen in Fig. 3 A and B can be interpreted as gene 
regulatory sub-networks involved in response to different stimulation. Pink and blue 
30 highlighting emphasizes those positive and negative connections that remain stable 
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regardless of the type of treatment used. These connections are likely the most crucial for 
gene regulation in yeast. 

We stress that our method predicts connections between modules (clusters) of genes, and 
individual genes belonging to the same cluster are indistinguishable from each other. In 
5 spite of this uncertainty, we attempted to compare the connectivity predicted in the 
framework of our model with regulatory connections documented on the basis of 
experimental data. Among genes constituting 16 "variable" clusters, there are 4 genes 
whose products are known as transcriptional regulators: XBP1, RME1, ABF1 and BAS1. 
They belong to clusters #5, 11, 17 and 33, correspondingly. The target clusters and type 

10 of connectivity predicted for these 4 regulators are listed in Table 1, along with available 
information about the genes that are known as targets for the 4 regulators. For instance, 
regulator XBP1 is known as a repressor. This gene falls into module # 5 predicted as a 
repressor for modules # 16 and 24 in acid condition (Fig. 3A) and, additionally, for 
modules # 17 and 43 in alkaline condition (Fig. 35). Consistently, Table 1 shows that 

15 cluster # 43 includes gene VAP1 known as a target for regulator XBP1. An interesting 
example demonstrates module #17. According to prediction (Fig. 35), it activates itself. 
Indeed, both genes ABF1 and YPT10 known as a pair activator - target belong to this 
cluster (Table 1). On the other hand, module # 17 is a predicted target for module # 33 
(Fig. 3B). This is also consistent with available information (Table 1) that the product of 

20 gene B AS I from cluster # 33 regulates expression of gene PH05 from cluster # 17. 

Of course, the matches between predicted and expected connections presented in Table 1 
may serve only as a positive control and do not assert the validity of the method in general. 
However, it should be noted that putative regulatory connections have been derived on the 
basis of only one assumption that the shapes of expression profiles emerge as a result of 

25 interactions between modules of genes, and no specific knowledge about gene regulation 
in yeast has been used. The outcome of our analysis exemplified in Fig. 3 and Table 1 
suggests novel regulatory connections identified directly from raw expression array data 
sets. This information can be used for further exploration of interactions between specific 
genes belonging to distinct clusters, as well as for annotation of new candidates whose 

30 function is unknown. In conclusion, we believe that our method provides a useful tool to 
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construct a skeleton of gene regulatory network on which more detailed biological 
information might be overlaid. 



Table 1. Mapping of predicted connections to a sub-network of expected interactions 
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The first column shows name of known regulator, number of cluster where the gene is 
from, and a description (repressor or activator, if known). Next three columns present 
predicted target cluster numbers and type of connection between the regulator and targets. 
These data are taken from Fig. 3: "A" stands for positive regulation (activator), "R" stands 
10 for negative regulation (repressor). The rightmost column gives available information 
about the genes that are known as targets for the 4 regulators and fallen into one of 16 
"variable" clusters. The names of these target genes are shown in the rows corresponding 
to clusters where they are from. 
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We claim: 

1 . A method of estimating interactions between a plurality of gene modules, each one 
of the gene modules being characterized by a corresponding expression profile 
representative of an expression level of that one gene module during a time interval, the 
method comprising: 

(A) measuring the expression profile for each one of the gene modules; 

(B) predicting the expression profile of each one of the gene modules according 
to a function of the expression profiles of all the other gene modules and a plurality of 
coefficients, each of the coefficients representing an amount of effect that the expression 
profile of one of the modules may have on the expression profile of another one of the 
modules; 

(C) selecting values for the coefficients that minimize a measure of the 
difference between the measured expression profiles and the predicted expression profiles. 

2. A method according to claim 1, further comprising identifying the gene modules 
from a multiplicity of genes, each one of the genes being characterized by an expression 
profile representative of an expression level of that one gene during a time interval, 
identifying the gene modules comprising: 

(A) measuring the expression profiles of the multiplicity of genes in an 
eukaryotic cell; and 

(B) clustering genes characterized by similar expression profiles together into 
one of the modules. 

3. A method according to claim 1, wherein selecting values for the coefficients 
comprises: 

(A) assigning initial values to each of the coefficients; 

(B) using the coefficients to calculate predicted expression profiles for at least 
some of the modules; 

(C) selecting new values for the coefficients according to a function of a 
difference between the predicted expression profiles and the measured expression profiles. 
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4. A method according to claim 1, wherein selecting values for the coefficients 
comprises using simulated annealing. 

5. A method according to claim 1, wherein selecting the values for the coefficients 
comprises using a mathematical optimization algorithm. 

5 6. A method according to claim 1, wherein selecting values for the coefficients 

comprises identifying two or more candidates for at least one of the coefficient values and 
setting the one coefficient value equal to an average of the candidates. 

7. A method of estimating interactions between a plurality of gene modules, each one 
of the gene modules being characterized by an expression level, the method comprising: 

10 (A) measuring the expression level of each one of the gene modules at a 

plurality of times within a time interval; 

(B) calculating predicted values of the expression levels of each one of the gene 
modules for a plurality of times within the time interval, the predicted value of the 
expression level of one of the gene modules at a particular time being calculated according 

15 to a function of a plurality of coefficients and the predicted or measured values of the 

expression levels of all the other gene modules at a time preceding the particular time, each 
of the coefficients representing an amount of effect that the expression level of one of the 
gene modules may have on the expression level of another one of the gene modules; 

(C) selecting values for the coefficients that minimize a measure of the 

20 difference between a plurality of the measured expression levels and a plurality of the 
predicted expression levels. 

8. A method according to claim 7, wherein a predicted value of the expression level of 
one of the gene modules at an initial time is calculated according to a function of the 
plurality of coefficients and measured values of the expression levels of all of the other 

25 gene modules. 

9. A method according to claim 8, wherein all predicted values of the expression level 
of the one gene module at times following the initial time are calculated according to a 
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function of the plurality of coefficients and predicted values of the expression levels of all 
the other gene modules. 

10. A method according to claim 7, wherein selecting values for the coefficients 
comprises: 

5 (A) assigning initial values to each of the coefficients; 

(B) using the coefficients to calculate predicted expression profiles for at least 
some of the modules; 

(C) selecting new values for the coefficients according to a function of a 
difference between the predicted expression profiles and the measured expression profiles. 



10 



11. A method according to claim 7, wherein selecting values for the coefficients 
comprises identifying two or more candidates for at least one of the coefficient values and 
setting the one coefficient value equal to an average of the candidates. 
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